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As the concern for the environment increases and more stringent legislation requires higher efficiency and reduced emissions, modern combustion systems tend to use leaner mixtures and run at lower temperatures to restrict the formation of NO x . These facts lead to an increased interest in the modelling of flows with substantial finite rate chemistry effects and advanced combustion models that allow an accurate prediction of the interaction between chemical reaction and turbulent mixing are needed.
Probabilistic methods such as the probability density function (PDF) [1] methods have been established as powerful modelling tools for combustion processes since they allow for a direct and therefore, accurate closure of the chemical reaction rate. However, the modelling of mixing process poses two problems:
Firstly, the lack of information on small scale structures and consequently lack of information on the dissipation time and secondly, the requirement for the mixing process of the stochastic particles to mimic the change in composition of the real fluid particles due to turbulent mixing. These issues lead to certain principles that should be satisfied by the mixing models such as boundedness of the scalars, linearity of scalar transport, independence of the evolution of the particle properties and -most importantly-localness in the physical and compositional spaces. Detailed discussion regarding the importance of these principles can be found in the the literature [1, 2] . Here, we only emphasise the importance of localness for mixing to occur [3] . Generally improvements to the mixing model are limited by the resolution for the flow field and thus discrepancies are more pronounced in the RANS context [4] . However, results suggest that if particles mix with other particles in their immediate neighbour-hood in composition space so that mixing across the reaction zone is avoided, the description of mixing is improved [2] . Different models have been suggested in the literature for the closure of the mixing term. Simple models that are easy to implement such as the "interaction by exchange with the mean" (IEM) [5, 6] and the various Curl's models [7, 8] do not ensure localness in composition space. In the present work, we investigate the applicability of an approach that can ensure localness even if mixing is based on a simple IEM models. Multiple mapping conditioning (MMC) [9] combines the PDF method with the basic concepts of a mapping closure for the modelling of the turbulent mixing term. MMC by itself does not constitute a specific mixing model but it allows the modification of existing models so that can accommodate the principles of localness while maintaining their simplicity. The exact MMC model formulation used in the current work is introduced in the following sections. The implementation methodology and its limitations are described and predictions of the mixing field and of reactive species are compared with experimental data for a piloted methane/air jet diffusion flame (Sandia flame D) [10] . In addition, the sensitivity of the method to an additional time scale, the minor dissipation time, is tested.
Reference space
The basic idea of the mapping closure concept [11, 12] used in the MMC methodology is to employ turbulent fluctuations and small-scale mixing in a mathematical reference space, ξ, with a known (or prescribed) PDF, to model the turbulent fluctuations and small-scale mixing in the physical composition space, whose PDF is not known in advance. A deterministic implementation leads to mapping functions that map the reference space to the physical space and the conditional scalar dissipation appears in closed form [13, 14] . In the stochastic implementation the "randomness" of species mass fraction Y * I of a particle is assumed to be reflected by the randomness of the reference variable In MMC, the particle position is tracked in reference space, mixing is allowed only among particles that are close to each other in ξ-space, and this directly controls the minor fluctuations. Ideally, events that are close to each other in physical space should also be close in composition space and thus in reference space. If this is satisfied, localness of the MMC model is ensured.
One of the challenges of the method is the estimation of the "minor dissipation time ", τ min , that controls the minor fluctuations. The minor fluctuations exist only in the context of MMC, and the only indication for τ min is that the level of the minor fluctuations should lead to an accurate level of the "physical" conditional fluctuations [15] .
In a recent study by Cleary et al. [16] , Sandia Flame D is modelled using one reference variable obtained from a -to the particle position interpolated-LES mixture fraction field. However, this approach cannot be applied to RANS.
Any particle properties interpolated from RANS statistics are mean properties and do not add any information with respect to their instantaneous compositional localness. An alternative approached is described here that can be considered an extention to the work of Wandel et al. [17] . It is a probabilistic MMC formulation with a single reference variable that is used to enforce localness in mixture fraction space and whose evolution is described by a Markov process. MMC allows the choice of any number of reference variables, yet for flames with low levels of local extinction, localness in mixture fraction space is normally sufficient to indicate localness in the multidimensional composition space.
We introduce the stochastic reference variable, ξ * , which is governed for one single reference variable by the following set of stochastic differential equations (sdes)
and a Fokker-Planck equation
where 2B = b 2 . If we assume a distribution for the reference space then the drift and diffusion coefficients of Eq. (2) can be determined from Eq. (3).
The model
In the current implementation Eq. (1) and Eq. (2) that account for transport in the physical and reference space respectively, are solved jointly with
that accounts for the evolution of the composition space. Ω I is the reaction rate and S * I is the mixing term. A detailed derivation of Eqs.(1)-(4) can be found in [9] In this paper, one of the simplest models is examined for S * I : the According to the MMC-IEM model, S * I is then given by
with < S * |ξ * = ξ, x * = x >= 0 [9] .
The simplicity of the IEM model is attractive for implementation, especially as a first modelling attempt that is expected to provide qualitative understanding of the stochastic implementation of the MMC method and its application to real flames. However, a good estimate of the minor dissipation time needs to be determined. As Pope [18] pointed out PDF predictions are sensitive to the velocity-to-scalar time scale ratio C Ya value that is not known a priory.
Klimenko [15] suggested that the minor dissipation time should be considerably smaller than the characteristic physical dissipation time, τ D , performing an asymptotic analysis for an homogeneous case, and Direct Numerical Simulations (DNS) for simple homogeneous flows indeed suggest τ min ≈ 1/8τ D as a suitable estimate for the minimum dissipation time [17] . However, in real flames DNS is not an option, and it is far from being clear how to extract the correct dissipation time from RANS solutions for the flow field. Here, we report on results using three different values for τ min .
For the current implementation a single "mixture fraction-like" reference variable is used. The term mixture-fraction like variable has the connotation that closeness in reference space guarantees closeness in mixture fraction space. For the derivation of coefficients A o and B a Gaussian distribution of ξ * is assumed, and the coefficients are then given in the following form [9] 
where v is the mean flow field velocity. The turbulent flux can be modelled by [9] , and is related to scalar dissipation N Z by
In addition, the derivative ∂Z/∂ξ is approximated by ∂Z/∂ξ.
It is apparent from Eq. (10) that closure of the MMC model requires knowledge of the unconditional scalar dissipation of Z. The parameter N Z can be modelled adopting Corrsin's suggestion [19] that the decay rate of a passive scalar variance is assumed to be proportional to the decay rate of the turbulent kinetic energy i.e.
where τ D is proportional to the flow turbulent time scale τ = k/ε with proportionality constant commonly assumed to be C D = 1.
It might appear as a paradox that a distribution is assumed for a variable that in reality is solved. Equation (2), however, is solved such that every particle has its own stochastic value of ξ * that is indicative of the distance of -say-two particles in mixture fraction space. Attributing a random value for ξ * to every particle that is derived from a Gaussian distribution, without solving Eq. (2) might present itself as an alternative that would maintain the Gaussianity of the reference space, however, it would not offer any extra information with respect to the distance of particles in mixture fraction space. Instead, using the specific model for A o and B introduces links between the physical space and the reference space through U(ξ), N Z and Zξ .
Test case and numerical implementation
The test case (Sandia Flame D) [20, 10] consists of a methane/air fuel mixture that issues from a central 7. 1), (2) and (4). It is important to emphasise that every particle carries information on its (stochastic) velocity, species concentration and ξ. Note that the reference space is Gaussian and unbounded, but the determinisic drift term counteracts the random diffusion term and keeps particles close to the mean. Then, depending on their ξ value, the particles within each cell are ordered in the reference sample space that extends from -4 to 4 and that is divided into 40 bins. Chemistry is modelled by a reduced 15-step methane-air mechanisms [21] .
Two extra equations for the mean mixture fraction and its variance are also solved in the RANS context. Conventional closure are used for these deter- Overall the predictions are in qualitative agreement with the experimental data for all time scales. Mean mixture fracture is well predicted everywhere in the domain and the differences are rather small between all models. With respect to mixture fraction variance, differences are more pronounced. The predictions are generally good and they constitute a slight improvement in comparison to the deterministic RANS and PDF-IEM predictions. However, the effects of different time scales are apparent and consistent with Fig.1 .
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Conclusion
The current work is one of the first implementions of stochastic MMC coupled to a RANS solver for the computation of mixing and reaction in a turbulent 
